Abstract. Online health communities (OHCs) have become a major source of social support for people with health problems. Members of OHCs interact online with those who face similar problems and are involved in different types of social supports, such as informational support, emotional support and companionship. Using a case study of an OHC among breast cancer survivors, we first use machine learning techniques to reveal the types of social support embedded in each post from an OHC. Then we generate each user's contribution profile by aggregating the user's involvement in various types of social support and reveal that users play different roles in the OHC. By comparing online activities for users with different roles and conducting survival analysis on users' time span of online activities, we illustrate that users' levels of engagement in an OHC are related to various types of social support in different ways.
Introduction
Nowadays more and more people use the Internet to satisfy their health-related needs. According to a study by the Pew Research Centre, 80% of adult Internet users in the U.S. use the Internet for health-related purposes. Among them, 34% read health-related experiences or comments from others [1] . Compared with traditional health-related websites that only allow users to retrieve information, online health communities (OHCs) increased members' ability to interact with peers facing similar health problems and as a result better meet their immediate needs for social support. It is estimated that 5% of all Internet users participated in an OHC [2] .
While people use OHCs for a wide range of needs, obtaining psychosocial support is one of the key benefits of engagement in OHCs [3, 4] . Research has found that such support can help patients adjust to the stress of living with and fighting against their diseases [5, 6, 7] and is a consistent indicator of survival [8] . An OHC also serves as an outlet for users' emotional needs and improve their offline life [9] . Thus active engagement in an OHC has been found to be therapeutic to users [10] and it is important to keep users engaged in the community.
Literature on social support suggests that OHCs mainly feature three types of social support: informational support, emotional support, and companionship (a.k.a., network support) [11, 12] . Informational support is the transmission of information, suggestion or guidance to the community users [13] . The content of such a post in an OHC is usually related to advice, referrals, education and personal experience with the disease or health problem. Example topics include side effects of a drug, ways to deal with a symptom, experience with a physician, or medical insurance problems. Emotional support, as its name suggests, contains the expression of understanding, encouragement, empathy affection, affirming, validation, sympathy, caring and concern, etc. Such support can help one reduce the levels of stress or anxiety. Companionship or network support consists of chatting, humour, teasing, as well as discussions of offline activities and daily life that are not necessarily related to one's health problems. Examples include sharing jokes, birthday wishes, holiday plans, or online scrabble games. Companionship helps to strengthen group members' social network and sense of communities.
Previous studies of OHCs have examined social support among OHC members. For instance, the qualitative study by Zhang et al. [14] found that users exchange informational support more frequently than other types of social support in an OHC for smoking cession. Nambisan [15] indicated informational support and social support existing in OHCs, but the information seeking effectiveness affects patient's perceived empathy. By contrast, Ahmed et al. [16] suggested that peer-to-peer information support is the key aspect for a Facebook group related to concussion.
Then is a user's involvement in and exposure to different types of social support related to her/his engagement in an OHC? Few studies have answered this question systematically by examining users' seeking, receiving, and provision of various types of social support. A previous study showed that users who received more emotional support tended to stay longer, while receiving more informational support does not keep a user engaged [17] . However, the study did not consider companionship or users' roles and behaviors in seeking and providing support.
In this research, we addressed three research questions regarding social support and user engagement in OHCs:
(1) Can we use machine learning techniques to detect the seeking and provision of three major types of social support embedded in interactions among users; (2) Are there any patterns of users' involvement in different types of social support activities? Or in other words, do users play different roles when it comes to seeking and providing social support? And (3) Are the seeking, providing, and exposure to different types of social support related to users' engagement in an OHC? The outcome of this research has implications for building and sustaining an active OHC through better thread/post recommendations and community management.
Detecting Social Supports From Texts

Dataset and the Taxonomy of Social Support
In this research, we used Breastcancer.org as a case study. It is a very popular peer-to-peer OHC among breast cancer survivors and their caregivers. With more than 140,000 registered users, the website provides various ways for its members to communicate, including discussion forums, private messaging, friend subscriptions, listserv, etc. We designed a web crawler to collect data from its online forum, which has 73 discussion boards.
Our dataset consists of all the public posts and user profile information from October 2002 to August 2013. There are more than 2.8 million posts, including 107,549 initial posts. These posts were contributed by 49,552 users. As we mentioned earlier, informational support, emotional support, and companionship are the three major types of social supports in OHCs. Thus for each post, we need to determine whether it was seeking informational support (SIS), providing informational support (PIS), seeking emotional support (SES), providing emotional support (PES), or simply about companionship (COM). Note that we did not differentiate seeking and provision of companionship, because the nature of companionship is about participation and sharing. By getting involved in activities or discussions about companionship, one is seeking and providing support at the same time. It is also possible that a post could belong to more than one of the categories above. Table 1 lists example posts for each category and a post that belongs to two categories.
Annotations and Features
As it is almost impossible to label all 2.8 million posts manually, we used classification algorithms to decide what kind(s) of social support each post contains. To train the classification algorithm, we leveraged human annotated data. We randomly selected 1,333 (54 initial posts and 1,279 comments) out of our dataset. After basic training on the aforementioned five categories of social supports (SIS, PIS, SES, PES, COM), five human annotators were asked to read each post and decide whether the post is related to one or more categories of social supports.
To control the quality of human annotations, we also added to the pool 10 posts that have been annotated by domain experts. For each post, we only accepted results from annotators whose performance on the 10 qualitycontrol posts is among top 3. Results from the other two annotators were discarded. Then a majority vote was used to determine whether a post is related to a category of social support. Table 2 shows the results of the annotation process. Users in OHCs may have different writing styles or linguistic preferences to express themselves. To capture these characteristics, we examined each post and extracted various types of features for the classifier: basic features, lexical features, sentiment features, and topic features. Table 3 summarizes these features. Many of the features were picked specifically for classification in this context. For example, we included whether a post is an initial post as a feature because many users seek support by starting a thread. Inside each post, the existences of URLs and emoticons are often related to informational and emotional supports respectively. Similar to the approach used by [17] , we also checked the usage of phrases in the format of <you/he/she + MODAL verb > to express possibilities, such as "you should", "she could". We considered "he" and "she" in addition to "you", because some posts were created by family members of cancer survivors. To identify the difference between "seeking" and "providing" support, we included words related to seeking behaviour, such as "question", "wonder" and "anybody". We also hoped that words related to daily life topics and geographical locations can effectively detect companionship. Meanwhile, we used OpinionFinder [18] to find the overall sentiment, as well as subjectivity and objectivity of each post. Besides these handpicked or dictionary-based lexicons, we also wanted to capture whether the usage of other words and phrases can contribute to the classification. Using unigrams and bigrams is too fine-grained and leads to a feature set with very high dimension. Thus we adopted an approach similar to [17] and applied topic-modelling technique Latent Dirichlet Allocation (LDA, with k=20) [19] to the content of all posts and generated 20 topics. For each post, LDA gave a topic probability distribution, indicating the probability of this post corresponding to each topic. Such a distribution for each post was then included in the feature set.
Evaluation of the classifier
Because there are five categories of social supports and a post may be related to more than one category, we built a classifier for each category. For the classification of each category of social support, we applied various classification algorithms on annotated posts and picked the best performing algorithm (using 10-fold crossvalidation). Because posts seeking emotional support accounted for only a small proportion among annotated posts (22 out of 1,333), we oversampled posts seeking emotional support when building the SES classifier. Table 4 compares the performance of different algorithms for the five categories of social support. AdaBoost was chosen to classify COM, PES 1 , PIS and SIS, while logistic regression was the best choice for SES. Overall, our classifiers achieved decent performance with accuracy rate over 0.8 in all five classification tasks. After applying the best-performing five classifiers on the remaining of the 2.8 million posts, each post received 5 labels, each of which indicates whether the post belong to one of the five social support categories. The total numbers of posts in each category are listed in Table 5 .
Intuitively, there are more posts to provide support than to seek support. This is what most would expect from a popular OHC with a large and active user base. About 37% of the posts provided informational support, making it the largest group among the five. In other words, providing informational support is the most popular activity in the OHC. Companionship posts constitute the second largest group, which suggests that members of the OHC did form a strong sense of community and discussed many issues other than cancer. In addition, 197,956 posts were predicted to provide informational and emotional support at the same time, representing the largest group with more than one category of social support. 
User Profiling And Engagement
After With social support distribution vectors of 47,581 users, we applied the classic K-means clustering algorithm to divide users into k groups, so that the users with similar social support distributions would belong to the same cluster. To find the best grouping of users, we tested various K values (from 2 to 20) and clustering results with Davies-Bouldin Index (DBI) [20] . DBI is defined as Equation 1, where !"#$% ! is the average distance from all the other users in cluster ! to the centroid of ! , and !"#$% ( ! , ! ) is the distance between centroids of ! and ! . Euclidean distance was used for this study. Generally speaking, prefers smaller groups, for the value of intra-cluster distance is lower in the smaller group, and penalizes short inter-cluster distances. Therefore, the solution with the lowest provides relative balance of small clusters and long distances between every pair of clusters.
We summarized the DBIs for different K values in Table 6 . K=7 yielded the lowest DBI value and hence the best clustering results. Centroids for each of the 7 clusters are shown in Table 7 .
From Table 7 , we can see that, intentionally or not, OHC users do have different patterns in social support involvement and thus play different roles in the community. Some users' posts focused on one major category of social support. For example, users in cluster 0 published an average of 96.55% of their social support posts to provide informational support. They obviously act as information providers in the community. Similarly, cluster 1 is for community builders with 64.92% of supports in companionship, and cluster 4 consists of emotional support providers. The two smallest clusters are for seekers: cluster 3 for information seekers and cluster 6 for emotional support seekers. Meanwhile, users in cluster 2, the largest cluster of the seven, are all-around contributors with relatively balanced profiles in each social support category. Cluster 5 represents a group of information enthusiasts, who focus mainly on informational support, both seeking and providing.
Next we investigated how users in different groups engaged in the OHC. Engagement levels were measured by two metrics: productivity (i.e., a user's total number of posts) and time span of activities (i.e., the number of days between a user's first and last post) . Fig 1(a) compares the distributions of productivity for users in the 7 clusters. The curves suggest that community builders in cluster 1, albeit a small group of users, and all-around contributors in cluster 2 are the most productive members. By contrast, those who mainly seek support (informational or emotional) in clusters 3 and 6 published fewer posts than others. Fig 1(b) points to similar conclusions: those in clusters 1 and 2 stayed with the community for the longest time, while support seekers in clusters 3 and 6 have relatively short time span of activities. Overall, those who are more actively involved in companionship tend to get engaged in the community, while those who only seek support are more likely to "churn". Also, emotional support providers in cluster 4 are more engaged that information providers in cluster 0. To better clarify the differences among the clusters, we use two-sample Kolmogorov-Smirnov test (K-S test) to compute the statistical gaps between every two clusters in both productivity and time span of activities. Twosample K-S test, which is used to compare whether two one-dimensional probability distributions are different, is defined as
where F !,! x and F !,! ! x are the empirical distributions of a metric for two groups. The closer the result is to 0, the more likely the two samples are drawn from the same distribution. In Table 8 , the upper triangular matrix (shaded area) shows the K-S statistics for comparing productivities between every pair of user clusters, and the lower triangular matrix shows the K-S statistics for time spans. For both metrics, the difference between clusters 2 and 3 is the greatest, which is consistent with what we observed in the Fig 1. In addition, p-values for all K-S tests are less than to 0.001, suggesting statistically significant differences among all clusters' distributions of both engagement metrics. 
Survival Analysis
Our analysis on users' roles has revealed that the level of users' engagement in an OHC is related to their posting behaviors on various types of social supports. The goal of conducting survival analysis in this section is to more systematically study social support factors related to users' engagement. In addition to users' posting behaviors, we also wanted to examine whether the exposure to different types of social support would impact a user's engagement. An individual may enter or exit a community not only based on his/her own expectation and behavior, but also based on the community's expectations and behaviors regarding this individual [21] .
Our survival analysis was based on the Cox Proportional-Hazards Model [22, 23] , which assessed the importance of different independent variables on the "survival time" it takes for a specific event to occur. The hazard ℎ ! represents the events occur to individual at time (defined as Equation -3),
where the baseline hazard function ℎ ! ( ) can be any function of time t as long as ℎ ! ( ) > 0 . ! and represent independent variables and corresponding coefficients. Equation-3 can also be formulated as Equation-4, where the ratio of two individuals' hazard functions does not depend on time .
With Maximum Likelihood Estimates (MLE), can be estimated with regard to the hazard. ! = 0 would indicate that independent variable ! has no association with survival time; ! > 0 means that independent variable ! induces a higher hazard of event occurring, and vice versa. Correspondingly, ! is the hazard ratio of independent variable ! .
Specifically for our analysis, an "event" refers to a user's cease of activities in the OHC (i.e., "leaving the OHC"). A user's survival time was measured by the difference between her/his last and first posts in the OHC. Here we assumed that a user had left this OHC if she/he had no post during the last 12 weeks in our dataset. For those who were still with the OHC during the last 12 weeks, their survival time was right-censored because they were still participating in this OHC. Table 9 summarizes independent variables in our model. Values of these variables were based on users' activities within the first month of their online activities. Data was collected for 19,135 users whose time spans of activities exceeded one month. To reduce the impact of multi-collinearity, we calculated the correlation coefficients for every pair of independent variables. We then removed TotalPost and NumThread from the model, as they are strongly correlated with several other independent variables (with correlation coefficients greater than 0.8). Thus our full model for survival analysis included 11 independent variables. Table 10 shows the results of the full model. Independent variables with hazard ratio less than 1 contribute positively to the "survival" (i.e., engagement) of users, whereas those with hazard ratio higher than 1 are considered "hazardous" to keep users in this OHC. For example, the hazard ratio of 0.907 for COM means that a user's "survival" rate after one month is 9.3% higher (100%-90.7%) if her number of companionship posts is one standard deviation higher than the average. Similarly, those who posted more to seek emotional support (SES) tended to stay with the OHC for longer. By contrast, those who sought and received more informational support (SIS and RIS D ) often left the OHC earlier.
Besides the four, other independent variables are not significant predictors of users' time span of activities. Direct informational support received--the number of informational support posts a user received after initiating a support-seeking thread.
RES D
Direct emotional support received--the number of emotional support posts a user received after initiating a support-seeking thread.
RIS I
Indirect informational support received--the number of informational support posts a user was exposed to in threads that she/he did not initiate but contributed to.
RES I
Indirect emotional support received--the number of emotional support posts a user was exposed to in threads that she/he did not initiate but contributed to.
RCOM
Companionship received--the number of companionship posts a user was exposed to in threads that she/he did not initiate but contributed to. Note: for RIS I , RES I , and RCOM, we assumed that a user read others' replies that were posted within 7 days before the user's replies. To evaluate the robustness of the full model, we conducted the same analysis using backward sequential elimination [24] . Specifically, for the full Cox model with 11 independent variables, we removed the least significant variable in each iteration of the Cox model, until all independent variables left in the model were statistically significant. The four independent variables that were statistically significant in the full model were still significant and with similar hazard ratios after the last iteration of backward sequential elimination (shown in Table 11 ). According to our survival analysis, those who started the first month of their online activities in the OHC with a lot of information seeking posts may not get engaged in the long run, even though they may also receive plenty of informational support as a result. This is in accordance with what a previous study found about informational support [17] and our analysis on users' roles in Section 3 (users in Cluster 3). In other words, informational support seekers have a higher chance of "churn" after they get the information they want from the community. This suggests that although community members have spent a lot of effort in providing informational support, as evidenced by the large number of PIS posts in Table 5 , informational support does not seem to be the key to keep users engaged.
Conversely, those who were involved in companionship activities are more likely to stay. The positive effect of companionship on user engagement is even stronger than seeking emotional support, which was suggested to be a strong indicator of engagement by [17] . The exposure to companionship RCOM also has a hazard ratio below 1, although it is not statistically significant. The hazard ratios of both companionship-related independent variables indicate the importance of companionship. Similarly, in our user role analysis, community builders in Cluster 1 are very active. This is a very interesting finding-even though this is an OHC about cancer, it was the discussions of non-cancer-related issues (e.g., everyday family life and online games) that kept users engaged in the community. Recall that companionship includes discussions of offline events, sharing daily life stories that are more personal, and playing online games. We conjecture that companionship can strengthen the ties among users more than informational support that often lacks the personal touch, or emotional support, which can sometimes be generic and a mere formality (e.g., "I will pray for you", "Love you and Hug").
Another observation from the survival analysis is that none of the three independent variables for indirect support (RIS I , RES I , and RCOM) was statistically significant. While it might be true that indirectly received support is not related to users' engagement, this may also be caused by our inaccurate measure of indirect support a user received. In our model, we assumed that a user received indirect support when she read a thread initiated by another user and other users' replies to the thread. This can be problematic: on one hand, we may underestimate the amount of support because we limited our calculation to threads a user replied to. In fact, a user can get indirect support from a thread without posting a reply. On the other hand, our approach can also overestimate such indirect support, because when posting to a long thread, a user may not have time to read all the previous replies, even though they were published within 7 days before the user's reply. Additional data of users' click streams will be needed to address this problem.
Conclusions and Future Work
This research analyzed users' behavioral patterns related to different types of social support and how such patterns are related to their engagement in an OHC. Using an OHC for breast cancer as a case study, we built classification models to detect the nature of social support in each post. After aggregating each user's posts, we grouped users based on their social support behavioral patterns and discovered seven different user roles in the OHC. Through comparisons between different roles and more systematic survival analysis, we found that those with high level of engagement in the OHC are actively involved in companionship. In other words, sharing stories from personal daily life and activities that are not directly related to cancer are the key for keeping this community together. This is followed by seeking emotional support, which can also keep user engaged. On the other hand, simply seeking and receiving informational support makes a user vulnerable to churn.
The outcome of our study can shed light on the design and management of an OHC. For example, to keep an OHC active and sustainable, community managers may want to initiate and promote companionships activities, such as holiday plan discussions, gardening tips, online scrabble games, offline gatherings, etc. Also, a thread/post recommender that leverages users' roles in the community can help proficient providers of certain support quickly find those who that are seeking such support. For future research, we would like to build a predictive model of user engagement based on our findings. Exploring whether a user's role changes over time would also be an interesting direction.
